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. However, the influence of ongoing climate change on the soil carbon sink is a major area of uncertainty [2] [3] [4] . Temperatureassociated increases in the global soil CO 2 flux (R S ) has led to the supposition that global warming will drive a positive soil-climate feedback 5, 6 . Of particular concern is the potential long-term vulnerability of large soil carbon stocks at high latitudes 7 . However, our incomplete understanding of the temperature-R S relationship limits our ability to forecast terrestrial carbon fluxes in the future 8 . The temperature sensitivity of R S across ecosystems is a key determinant of the soil-climate feedback, but it is difficult to quantify due to the many confounding factors that affect soil metabolic rates 2, 9 . For instance, Q 10 values (the proportional increase in R S with a 10 °C increase in temperature) are highly variable across different vegetation types and climates 2, 10 . Nevertheless, Earth system models (ESMs) typically assume a globally constant temperature sensitivity by incorporating fixed Q 10 values of around 2 (that is, R S rates double with an increase in temperature of 10 °C) 11, 12 . Thus, while there is a growing consensus that future warming will enhance R S rates, how the response will vary across climatic regions and soil characteristics is not well established 13, 14 . Here, we propose that a better understanding of R S temperature sensitivity can be gained by accounting for the various organisms that live in the soil.
Soil respiration is the biotic conversion of organic C to CO 2 by all of the organisms (heterotrophs: soil microbes and fauna, and autotrophs: plant roots and their mycorrhizal symbionts) that live in the soil. Thus, R S rates are the product of the body sizes, metabolic rates, abundances and community composition of soil-inhabiting organisms [15] [16] [17] [18] . Because individual metabolic rates exhibit varying temperature sensitivities 19 , we would also expect R S responses to increasing temperatures to fluctuate according to soil community composition. However, empirical quantification of soil biota contributions to R S at large spatio-temporal scales is complicated by the vast biodiversity and complexity of soil systems 20 .
In this study, we use a model derived from metabolic theory 21 to integrate soil biota metabolism, community composition and heterotrophic activity in R S estimates across biomes. The model accounts for the way in which metabolic rates vary with temperature and body size between soil community groups. We then extrapolate to heterotrophic respiration (R H ) rates by accounting for the abundance of soil biota across tundra, boreal forest, temperate forest, temperate grassland and tropical forest soils. By quantifying the contribution of R H to R S , using an R H fraction (H F ) that accounts for autotrophs (plant roots and their symbiotic mycorrhizae) not modelled here, we predict R S across biomes and mean annual temperature (MAT) ranges. To test the hypothesis that soil community traits strongly influence R S temperature sensitivities, we compare models that do or do not account for metabolic variation between soil biota. To test how predictive our approach is, we make a further comparison with a linear regression fitted to the R S data. Finally, we increase study-specific MATs by 10 °C to compare Q 10 estimates with available data across the five biomes, and discuss how these compare to those Q 10 values used in ESMs and observed in longterm field experiments.
Results
Metabolic ecology of soil communities. Metabolism underpins fundamental mechanisms of organism-environment interactions and sets the basis for linking individual to ecosystem processes 22 . To investigate the temperature sensitivities of metabolism for diverse soil communities, we compiled a metabolic dataset for 14 soil biota groups (bacteria, protozoa, nematode, collembola, enchytraeidae, acari, ant, beetle, isopod, centipede, spider, termite, millipede, earthworm). The dataset (n = 3,768) covers nearly 15 orders of magnitude in body mass (M) and temperatures (T) between − 2 °C and 40 °C. In the first instance, the metabolic dataset was fitted to the linear form of the metabolic scaling equation without accounting for variations in metabolic parameters between soil biota (termed the 'general' model herein): ), B 0 is a taxon-specific normalization constant, a represents the allometric scaling exponent that usually takes a value close to ¾, E is the activation energy (eV),
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) and T is experimental temperature (K) 21 . General model (equation (1)) regression analysis yields an allometric exponent, a, of 0.81 ( ± 0.002) and activation energy, E, of 0.67 ( ± 0.01) (Supplementary Table 1 ). Both metabolic parameters are within the range predicted by the metabolic theory of ecology (MTE): a, 0.67-1 and E, 0.6-0.7 eV 23, 24 . Yet, while the general model predicts metabolic rates with individual body mass well, it does not capture the apparent high variation in soil biota temperature sensitivities ( Supplementary Fig. 1 ), indicating the need to account for metabolic traits between soil community groups.
Soil biota were classified into community groups according to their body size distribution as microbes (< 0.0001 mg fresh mass (FM)), mesofauna (0.0001-8 mg FM) or macrofauna ( 8 mg FM). Microbes include bacteria, mesofauna include protozoa, nematode, acari, collembola and enchytraeidae groups, and macrofauna include ant, spider, isopod, centipede, beetle, termite, millipede and earthworm groups. Although protozoa and nematodes are technically classified as microfauna rather than mesofauna, the metabolic data for these groups were collected at a single experimental temperature. Thus, regression analysis by soil biota groupings was not possible. The community group (CG) model includes two-way interaction terms between CG-body mass and CG-temperature to yield community-specific metabolic parameters (B 0 , a and E): (2)) analysis yields ranges in a from 0.66 to 0.87 and E from 0.64 to 0.74 eV (Fig. 1a,b Table 1 ). That is, smaller sized soil community groups exhibit a greater proportional increase in their metabolic rates with a given increase in temperature than individuals belonging to larger size community groups. This suggests a higher contribution of soil microbes (in particular, as mass-specific metabolic rates in mesofauna are lower) to R S rates at increasing temperatures, if resources are available to fulfil higher energy requirements. The distribution of the CG model residuals against the independent variables (body mass and temperature, Fig. 1c,d ) and fitted lowess line, indicates an absence of systematic errors, which are much greater for the general model ( Supplementary Fig. 1 ).
Linking soil metabolism to biome-specific R S rates. Linking the individual metabolic rates of soil biota to biome-specific R S (g C m
) requires quantification of soil biota population abundances (A, no. m ) and R H fractions (H F , which measure the proportion of R S contributed by heterotrophs and so also accounts for autotrophs) across biomes. First, individual-level metabolic rates (B, as in equation (2)) for each soil biota group (i) were calculated for an individual of average body mass (M) at a given MAT (T). B is then converted to respiration rate units (g C yr . R S was calculated at MAT for each of the R S studies used to evaluate our approaches predictions (n = 312), using metabolic parameters, individual body masses and soil biota population abundances in Supplementary Tables 2, 3 ) measurements for the 14 soil biota groups for which metabolic data is available were collected across tundra, boreal forest, temperate forest, temperate grassland and tropical forest soils (n = 2,187). Community group biomasses across the five biomes investigated here were significantly different (P = 0.000, Supplementary Table 5 ). In general, high latitude (tundra and boreal) soils harbour more soil microbes and mesofauna by biomass than temperate and tropical soils. Soil macrofauna follow an inverse trend, increasing in biomass from tundra to temperate grasslands and tropical forests (Fig. 2) . Given the higher temperature sensitivity of smaller sized soil biota ( Fig. 1) , we would expect higher abundances of soil microbes and mesofauna in tundra and boreal soils to be linked to higher R S temperature sensitivities at high latitudes.
The influence of soil communities on R S across biomes.
Comparison of our R S predictions (lines) with independent R S data (symbols) in Fig. 3a demonstrates good prediction of R S rates across biomes and MATs (R 2 = 0.66, n = 312, no P value can be reported as predictions are independent of the data). Temperature sensitivity differences across biomes emerge from the approach by integrating variation in the metabolic ecology and community composition of soils. However, high variability in the R S data likely points to sitespecific interactions between individual, population and community-level dynamics with other environmental factors (for example, resource quantity and quality), as well as temperature (Fig. 3b) .
To test whether incorporating the varying temperature sensitivities of soil biota was important in achieving good R S predictions (Figs. 3 and 4a) , we compare the CG model presented here to R S predictions using the general model (Fig. 4b) and a linear regression between R S and MAT fitted to the data (Fig. 4c) . Not accounting (2) for metabolic variation between soil community groups in the general model significantly reduces the accuracy of the metabolic approach (Fig. 4b ). This result indicates that soil community body size distribution and metabolic ecology strongly influence the temperature sensitivity of R S across the five biomes investigated here.
Comparison of the CG model with the linear regression (ln(R S ) = 22.54 -0.388(1/kT), Fig. 4c ) and Akaike information criterion (AIC) values further indicates that accounting for soil ecology enables better R S predictions. Improved prediction of R S rates are particularly evident in boreal and tundra soils of the CG model, where the data indicate higher R S temperature sensitivity (Fig. 3a) . Weak temperature control in the linear regression presented here and ESMs that implement fixed Q 10 values are unable to capture these climatological differences in R S temperature sensitivities 7 , with serious consequences for future climate change projections.
Biome-specific Q 10 values were calculated, using the CG model, by taking R S rates for study-specific MATs (MAT 0 , n = 119) and for an increase in temperature of 10 °C (MAT +10 ), to give Q 10 = R S (MAT +10 )/ R S (MAT 0 ). We compare our median Q 10 values (symbols) to those reported in the Bond-Lamberty and Thomson 27 dataset (boxes) in Fig. 5 . With increasing temperature, the metabolic approach indicates that R S in tundra and boreal soils is more temperature sensitive than temperate and tropical soils, with mean Q 10 values increasing from 2.33 ± 0.001 in tropical forests to 2.72 ± 0.03 in tundra. Many studies have reported similar climatological responses, in which R S in colder high latitude climates increase more rapidly with increasing temperature 7, 8, 10, [27] [28] [29] [30] [31] [32] , but none have yet linked variations in R S temperature sensitivity to the mechanisms driving decomposition processes by soil communities. However, our estimates also assume static biome-specific soil communities, and that greater metabolic rates at higher temperatures are met with sufficient food resources.
Temperature, soil water and resource availability interact to affect the provision of food resources to soil communities 33 , and the inclusion of these environment-community feedbacks would likely result in lower R S sensitivity predictions in warm climates as the soil biota become food limited 15 . Conversely, freeze-thaw cycles in tundra soils lead to deviation of R S temperature dependence from thermodynamic laws 7 , increasing below 0 °C as the decomposition of structurally complex molecules by arctic microbes exhibit a higher temperature sensitivity of metabolism 34 . Our Q 10 estimates thus overestimate tropical soil and underestimate tundra and boreal soil responses to increasing temperatures (Fig. 5 ), in line with longterm field Q 10 values of 5.2 ± 2.4 for tundra and boreal, 2.7 ± 1.7 for temperate and 2.2 ± 0.9 for tropical climates 35 . Exploring alternative thermodynamic hypotheses, such as non-linear temperature curves and acclimatization mechanisms, may better explain Q 10 values under long-term warming. On the other hand, our approach estimates much higher Q 10 values than the static value of 2 used in many ESMs, which are often parameterized with short-term observations based on eddy covariance fluxes and soil incubations 2, 36 . This divergence between short-and long-term Q 10 values has been suggested as evidence for the inclusion of emergent behaviour over long timescales 7 , which in this study includes the metabolic response of soil communities and shifts in soil community composition across biomes.
Discussion
We use a metabolic ecology approach to better understand the relationships between soil biota metabolism, community composition and R S rates. We find that accounting for the metabolic ecology of soils (Fig. 1) together with soil community composition (Fig. 2 ) reveals variations in R S with MAT across five biomes (Fig. 3) . Important in achieving good R S predictions was incorporating the varying temperature sensitivities of soil community groups. In comparison, assuming all soil biota exhibit identical temperature sensitivities resulted in substantial under-estimation of R S rates (Fig. 4b) . The metabolic ecology and body size distribution of soil communities thus strongly influence the temperature sensitivity of R S across biomes. With increasing temperature, our approach suggests that R S would be most strongly enhanced in colder climatic regions (Fig. 5) , because of the higher temperature sensitivity of soil biota inhabiting these soils.
Soil community composition will also be influenced by multiple global drivers (for example, warming, CO 2 fertilization, N deposition) in the future, which will alter the direction and magnitude of R S responses. Thus, to better anticipate the effects of global environmental changes on R S requires a better understanding of the ecological mechanisms underpinning macroecological patterns in soil communities. Yet, fundamental knowledge gaps in soil ecology need to be addressed to understand the primary drivers of soil community composition across a broad spectrum of environmental variables. Unravelling these complex interactions would allow us to represent the mechanistic links between the belowground and aboveground components of terrestrial ecosystems, develop more ) measurements incorporate the sum of soil biota population biomasses for each community group. Average biome-specific soil microbial biomasses were taken from ref. 46 , while soil mesofauna and macrofauna data were compiled in this study (n = 2,187, Supplementary Table 4) . Presented values are means ± reported standard errors for microbes, while error bars for mesofauna and macrofauna were calculated as the square root of the summed variances for soil biota group population biomasses. Differences in community group biomass are significantly different across biomes (P = 0.000, Supplementary Table 5) . predictive models of soil systems and improve forecasts of future climate changes on numerous ecosystem functions, including R S . Our study stresses the importance of considering the soil organisms that facilitate ecosystem functions and demonstrates the utility of fundamental ecological principles in describing complex soil systems.
Methods
Metabolic ecology of soil biota. Metabolic data for a wide range of soil biota was compiled from the dataset of Ehnes et al. 19 , which includes data from the metaanalyses of Meehan 37 and Chown et al. 38 together with their own measurements for acari, collembola, enchytraeidae, centipedes, millipedes, isopods, spiders, ants, beetles, termites and earthworms (n = 3,399). In addition, we compiled data for bacteria from Makarieva et al. 39 (n = 56), protozoa from Laybourn and Finlay 40 and Fenchel and Finlay 41 (n = 143), nematodes from Klekowski et al. 42 and Ferris et al. 43 (n = 105) and enchytraeidae from Nielsen 44 (n = 58). Detailed differences at the species-level are avoided in order to explore the collective metabolism of soil community groups across biomes. All measurements were converted to fresh mass (mg) and standard metabolic rate per hour (J h Soil biota populations and community composition. Linking individual to population-level metabolism requires estimation of the population abundances of different soil biota across biomes. Here, we extend the dataset of Fierer, et al. 45 , who collected population biomass data for acari, collembola, enchytraeidae, nematodes and earthworms in tundra, boreal forest, temperate forest, temperate grassland and tropical forest soils (n = 799). We compiled additional data for all of the soil biota groups and biomes of Fierer et al. 45 , and for ants, beetles, centipedes, isopods, millipedes, protozoa, spiders and termites in biomes for which data was available (n = 1,382). Average biome-specific microbial biomass values were taken from the extensive review of Xu et al. 46 , which compiles 1,182 measurements across the biomes investigated here (Supplementary Table 4) .
Population biomass measurements required conversion to population abundance by estimates of mean individual body masses (M) for the 14 different soil biota groups. We assume that M for different soil biota groups are constant across biomes. Although this assumption likely introduces error due to variations in individual life histories across climates, not enough information exists to apply more detailed individual-level relationships. To minimize error we collated data from a number of sources reporting M for the different soil biota groups (Supplementary Table 3 ). Average M (mg dry mass) used in this study were: protozoa (6.55 × 10 ) using the conversion to fresh mass of five times dry mass 19 . Using a single dry to fresh mass conversion factor for all soil biota groups will also introduce some error, as variations likely exist across soil biota groups and biomes 47 . Measurements given in the dataset of Fierer et al. 45 (g C m −2 ) were further corrected by accounting for a 50% carbon content. We do not make additional extrapolations to specific soil depths, as this is highly variable between soil biota groups and soil types and often not reported in field studies. If population measurements were expressed on per gram dry soil basis, appropriate bulk density values were used to convert these measurements to density (per m 2 ) for the soil type reported.
Heterotrophic respiration (R H ).
Using our metabolic approach, R H rates were estimated by summing the metabolic rates of soil communities at MAT in a given biome. Community-level metabolic rates were calculated by taking metabolic parameters (B 0 , a and E; Supplementary Table 1) for each soil community group, individual body masses (M, mg FM) for each soil biota group (Supplementary Table 3 ) and their population abundance (A, number m . To investigate whether our model predicts R H rates across biomes and MATs, prior to extrapolating to R S as detailed below, we compared our predictions with available R H data in the Bond-Lamberty and Thomson 27 dataset (n = 66). R H data were compiled for un-manipulated field studies reporting annual R H and R S rates, and were averaged for single study years and/or locations where applicable. Measurements were also excluded if reported R H rates were equal to or higher than reported R S rates. If MATs were not reported, or the same MAT was given for multiple years in the same study, National Oceanic and Atmospheric Administration weather stations were used to collect MAT measurements based on the study sites latitude and longitude (https://www.ncdc.noaa.gov/cdo-web/ datatools/findstation). The CG model's predictions of R H rates were then evaluated (r 2 = 0.757, Supplementary Figure 2) , in comparison to the general metabolic model (r 2 = − 2.261) and a linear regression approach (r 2 = 0.529) (Supplementary Figure 3) . Accounting for model complexity in AIC calculations indicates that the CG model does not perform better than the linear regression given its large number of parameters, but this may be a result of the limited size of the dataset. To test whether the CG approach performs better given more data we used the R H data to calculate an R H fraction (H F ) for each biome to account for the contribution of heterotrophs to R S . This allowed us to use the larger R S dataset (n = 312) to evaluate the CG model with greater precision as reported in Fig. 4 , n = 66) and assuming R S = R H + R A
48
. By using R H values, rather than R A , we avoid some of the issues in separating heterotrophic and autotrophic contributions to R S , as R H is typically measured directly whereas R A is typically derived by calculating the difference between R S and other ecosystem fluxes 48 . Mean H F ± s.e.m. across the five biomes investigated here were 0.39 ± 0.10, 0.63 ± 0.02, 0.58 ± 0.03, 0.63 ± 0.04 and 0.77 ± 0.07 for tundra, boreal forest, temperate forest, temperate grassland and tropical forest soils, respectively. Variability in H F within biomes is likely linked to the experimental difficulties associated with separating the autotrophic and heterotrophic components of soils and the methodology used to do so in the field [48] [49] [50] . To explain some of this variability, and to account for the temperature sensitivity of R A , we performed a regression analysis between H F and MAT, which revealed a weak but significant positive correlation (H F = 0.54 + 0.0069 MAT; r 2 = 0.104, P = 0.008, Supplementary Fig. 4 ). This linear relationship is incorporated in our calculations to extrapolate from R H to R S rates across biomes and MATs.
Soil respiration (R S ).
To compare our R S estimates with independent data, annual R S rates (g C m −2 yr −1 ) were compiled from the global soil respiration datasets of Bond-Lamberty and Thomson 27 and Carey, et al. 51 for tundra, boreal forest, temperate forest, temperate grassland and tropical forest soils (n = 312). Data were included from un-manipulated field studies reporting average annual R S and MAT, and measurements from both datasets were averaged for single study years and/or locations where applicable. R S measurements compiled from the Bond-Lamberty and Thomson 27 dataset included 119 Q 10 values, which were used to evaluate predicted Q 10 values across biomes using our CG model. 
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